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From Generative to Agentic
= (Generative = Agentic

= Generate content like mmp = Execute complex tasks
text & image on behalf of human

TITIIITIIIIIIX
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-

Zaharia et al. 2024. The Shift from Models to Compound Al Systems
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Generative Al

"Teddy bears mixing sparkling chemicals as
mad scientists in a ‘steampunk’ style.”

Ilo“ AR https://openai.com/dall-e-2/ \AVASP

U N |VERS |TY WALLENBERG Al AND TRANSFORMATIVE TECHNOLOGIES

EDUCATION DEVELOPMENT PROGRAM
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Large Language Model Applications

Writing Assistance
Technical writing assistance
Creative writing assistance
General editing
Message and document completion
Programming assistance

Information retrieval

« Search engine
Conversational recommendation
Document summarisation
Text interpretation

Personal Use
Productivity
Emotional support
Personal advise
Question answering
Education
Brainstorming

Commercial Use
Customer support
Machine translation
Automation
Business software
Diagnosis and advice

Funded by
the European Union

Trustworthy LLMs: A Survey and Guideline for Evaluating Large
Tr U St LLM Language Models’ Alignment by Yang Liu Etal, 2023 -
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Linguis'tk Theories Rule-Based Sys'te_ms More Rule-Based Sys‘te_ms Statistical Models
* Weaver proposal on machine « ELIZA - o chatbot using + Case grammars, semantic « Ont0103xgs G.e. know{edge_
based translation simple grammar rules networks . 3Paph5> and expert sys‘tem%
* Chomsky's generative grammar  * SHRDULU - block lom::!ua::,e " TALE_SPI& N stor‘ylwr?tmg " .SVML’OI‘C mo.ofels and semantic
* Georgetown exp translating « ALPAC report and halt of * .MgCD.J - c}\o\frnose blood nterpretation [
Russian sentences to Engl}gh Pund]ng for NLP projects inrections * Tree-based models
S
1950s 1960s 1970s 19%0<
First AL winter
Birth of NLP started From handwritten
rules to statistical
moo!els
Voice assistants,
Multi-task leaming, Attention Mechanism Chatbots & Co-pilots
Eml:e,o(p(ings

19905 2000s 2010s

\

Statistical NLP Neural NLP Foundation for LLMs LiMs
* N-Grams for Model]mj « Deep Leaming for NLP +« WordaVee (2013) embedd‘mgs « 6PT-3 (2020)
lo\nf,uage « Google Translate (2006) « Attention (2015), Transformers * ChatGPT (2022), Bard (2023)
« LSTM R¥Ns (1997) (st;l? using statistical models)  (2017), BERT (201%) « GPT-4 (2023), Gemini (2023),
+ HMMs for speech recognition « Multi-task Ie,ar‘ning (200¢) +« GPT (201%), 15 (2019) [om::,uo\?e_ Claude (2023), LLaMA-2 (2023),
model Mixtral 7B (2023)

TrUStLI_M https://digestize.medium.com/a-brief-history-of-nlp-leading-to-llms-part-1-915ed263cbfa - fh"e"gf,‘,’o',’,‘;an Union
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Language Modelling

- Language modelling is the task of predicting which word comes
next in a sequence of words.

*  More formally, given a sequence of words wy, ..., w; we want to
know the probability of the next word, w;q:
P(wyy lwy, .. wy)

*  We are assuming that w;, ; comes from a finite vocabulary V.

language models = classifiers

LINKOPING
II.“ UNIVERSITY
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An Approximation

- A problem: computing P(w | h) exactly is infeasible for arbitrary history h since
language is creative and h might have never occurred before!

- Idea: the Markov assumption: approximate the history by just the last few words.
P(wk|w1:k—1) ~ P(wk|wk—n+1zk—1)
- Example: n-gram models: look at n-1 words in the history. n=2 is bigrams, n=3 is
trigrams, etc.

« An n-gram is a contiguous sequence of nwords (or characters).

. Sherlock Holmes had and seized the intruder
unigram

- LLMs use much larger n, in the thousands or even millions!

LINKOPING
II.“ UNIVERSITY
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How Does ChatGPT Work?

Pretraining Fine tunin ex
= P
wd Retriever- I
mmnd  AUgMented

Generation

TrustLLM B vnon ﬁ
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Few Shot Prompting

Ideal output!
GPT-4: “am”

Q: “Elon Musk”
A “nk”

Q: “Bill Gates” ::> [ LLM J :> ‘ka’

A:“s”

Q: “Barack Obama”

r

T. Brown et al. Language Models are Few-Shot Learners. NeurlPS 2020.

TrustLLM B e
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Chain of Thought Prompting

Q: “Elon Musk”

A: the last letter of "Elon" is "n".
The last letter of "Musk" is "k".
Concatenating "n", "k" leads to
"nk". so the output is "nk"

Q: “Barack Obama”

r o

2025-11-13

A: the last letter of "Barack”
is "k". The last letter of
"Obama" is "a".
Concatenating "k", "a" leads
to "ka". So, the output is
"ka".

\/

J. Wei et al. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. NeurlPS 2022.

TrustLLM

Funded by
the European Union
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How Does ChatGPT-o01 Work?

ASearch

Fine tunlna ChatGpT

wd Retriever- I
mmnd  AUgMented

Pretrulnlng Text

>

Generation

TrustLLM B vnon ﬁ
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Large Language Models Scaling Laws

Bl
Parameters FLOPs FLOPs (in Gopher unit) Tokens
3.0 400 Million 1.92e+19 1/29,968 8.0 Billion
1 Billion 1.21e+20 1/4,761 20.2 Billion
) " 10 Billion 1.23e+22 1/46  205.1 Billion
g 2.8 6el8 ng o™ 0 67 Billion 5.76e+23 1 1.5 Trillion
- 1le19 0@ 14 g 175 Billion 3.85e+24 6.7 3.7 Trillion
C,¢ —® 3el9 ‘\'N/ / < 280 Billion  9.90e+24 17.2 5.9 Trillion
[= . © 520 Billion 3.43e+25 59.5  11.0 Trillion
© —@— 6eld © 1 Trillion 1.27e+26 221.3  21.2 Trillion
=5, —® 1e20 o 10 Trillion 1.30e+28 22515.9 216.2 Trillion
- —e— 3e20
—®— 6220 Model Size (# Parameters) Training Tokens
22 _o— le21 LaMDA (Thoppilan et al., 2022) 137 Billion 168 Billion
—@&— 3e21 GPT-3 (Brown et al., 2020) 175 Billion 300 Billion
Jurassic (Lieber et al., 2021) 178 Billion 300 Billion
2.0 100M 300M 1B 3B 6B 308 Gopher (Rae et al., 2021) 280 Billion 300 Billion
Parameters MT-NLG 530B (Smith et al., 2022) 530 Billion 270 Billion
https://www.lesswrong.com/posts/midXmMb2Xg37F2Kgn/new-scaling- unde
Tr U St L I. M laws-for-large-language-models th gu?ol:)!;a" Union
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Scaling - From Pre-training to Test-time

>0ST-TRAINING SCALING

TrustLLM
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OpenAl Deep Research

% @ ChatGPT4o -

X What can | help with?

Message ChatGPT

O EETR NI SN Y PRSI Get detailed insights on any topic

ES Create image i Analyze data

ChatGPT can make mistakes. Check important info.

2025-11-13

TrustLLM https://openai.com/index/introducing-deep-research/

Funded by
the European Union

14
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From Generative to Agentic Al

= Generative = Agentic
= Generate content like mp = Execute complex tasks
text & image on behalf of human
m ; ;f D N \

Zaharia et al. 2024. The Shift from Models to Compound Al Systems

LINKOPING
II.“ UNIVERSITY
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Examples of Agentic Al

Laundry Buddy

Creative Writing Coach

Personal assistants

Ask me anything about st
settings, sorting and ever
laundry.

I'm excited to read your work and give
you feedback to improve your skills.

Autonomous robots

Gaming agents

Tech Advisor

From setting up a printer to
troubleshooting a device, I'm here to
help you step-by-step.

Game Time

| can quickly explain board games or
card games to players of any skill
level. Let the games begin!

Science agents

Web agents

Sticker Whiz The Negotiator

Software agents

I'll help you advocate for y
get better outcomes. Bec
negotiator.

I'll help turn your wildest dreams into
die-cut stickers, shipped to your door.

LINKOPING
UNIVERSITY
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Key Benefits of Agentic Al

 Useful Interface

« Natural interaction with human agency
 Strong Capability

» Operate with minimal human intervention

 Useful Architecture
e Intuitive programming paradigm

LINKOPING
II.“ UNIVERSITY
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What if we prohibit shipping
from supplier 1 to roastery
27
; User
(D User Questioql//]\ Final Answer

Commander r-----=======--- 8l Repeat until
answering the

user’s
question or
timeout

LINKOPING
II." UNIVERSITY
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What if we prohibit shipping

b User from supplier 1 to roastery 27?

(Writer nested in Commander, Triggered by User) \LT

n (Safeguard nested in Commander, Triggered by Writer)

wWhot f we prohibit shipping from supplier 1 to hoastery 7 ~

) < i ' - Is the code safe?
e hon
Writer Commander model.addConstrld('supplient’, ‘roasterya)] ==
18 columns and 36 nonzeros —

Here are the execution res.u!‘ts: OP‘t;MIZQ‘t;OV\ Pmblem
solved. The objective value is: 2470.0

@ binary)
.0000000

2.470000e+03, 11 iterations, 0.00 seconds .00 k units)

de | Objective unds
IntInf | Incumbent B d Gap

0 2470,0000000 2470.00000 0.00%

rations) in 0.00 seconds (0.00 work units)

14 (of 14 available process

Solution count 3: 2470

LINKOPING
I.“ UNIVERSITY
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Agentic Programming

« Handle more complex tasks / 7

Improve response quality
« Improve over natural iteration
 Divide & conquer
* Grounding & validation

Percentage (%)

20

2025-11-13 23

80

40

96.00%

98.00%  mmm Multi-GPT3.5

1 Multi-GPT4
[\ Single-GPT4

48.00%

X Single-GPT3.5

78.00%
72.00%

Metrics

Recall

LINKOPING
UNIVERSITY
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Agentic Programming

« Easy to understand, maintain, extend
* Modular composition
e Natural human participation
» Fast & creative experimentation

2025-11-13 24

Commander
_ (.) !
<R
G5) | (.)

(©) (8]

Writer Safeguard

LINKOPING
II.“ UNIVERSITY
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Agentic Al Framework Desiderata

Intuitive unified agentic abstraction

Flexible multi-agent orchestration

Effective implementation of agentic design patterns
Support diverse application needs

LINKOPING
II.“ UNIVERSITY
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Agentlc Abstractlon

Unify models, tools, human for compound Al systems

/\
Ooom
& h-lI

D:

— o)
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Multi-Agent Orchestration

Sl
» Static/dynamic j '@'] j
» Context sharing/isolation _ | ?
» Cooperation/competition e

1 Manager
ee=a|

 Centralized/decentralized

 Intervention/automation

LINKOPING
II.“ UNIVERSITY
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Agentic Design Patterns

« Conversation

* Prompting & reasoning
* Tool use

 Planning

 Integrating multiple models, modalities
and memories

2025-11-13

How Talk Can Change Your Life

LONTERSATION
>

L 3
» 7

§

5 ;\;, 4
g <

Q| ,7)

2

THEODORE,
ZELDIN

28

LINKOPING
UNIVERSITY
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Examples of Agentic Al Frameworks

Langchain-based

AutoGen
o Multi-agent conversation O Langraph
programming " Graph-based
= Comprehensive & flexible control flow
" |ntegrable with other O CrewAl
frameworks like OpenAl " High-level static
Assistant, Llamalndex, agent- task
LangChain workflow

LINKOPING
II.“ UNIVERSITY
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AutoGen: A programming framework
for agentic Al

Discor

Initially developed in FLAML (Nov 2022)
Spined off to a standalone repo (October 2023)

Standalone GitHub organization AutoGen-Al (August 2024)

LINKOPING
II.“ UNIVERSITY



Define agents: Get them to talk:
Conversable & Customizable  Conversation Programming

Conversable agent  _______ _______,

___________ @ @

. @

: - : Multi-Agent Conversations

| [@&5\"] |
o e B8@ Tre o B
@ & o o ?
: - : : ) " : i;—) ------ >i i 5 @PD /¢\ ,,,,,
! I | I L, . = T : L@ @ | @
: : | : 0 8 s s B D

________________ i

Sequential Chat Nested Chat Group Chat Hierarchical Chat
Agent Customization Flexible Conversation Patterns



32

Student Assistant ssistant Retrieval-augmented Retrieval-augmented
! User Proxy Assistant
@) @ ‘& | | e
| — 5 —=—  ALFWorld
IE | l G) | : i j Executor
____________________ Assistant o
Agent
A1. Math Problem Solving A2. Retrieval-augmented Q&A A3. Decision Making in Embodied Agents
Commander Chess Board
= @
‘ (.) | | ~ |
PRICIEN
___________ @ L@
gn- Sl  (©4), (@a);
_ : Human/Al Chess Human/Al Chess
Writer Safeguard Player A Player B
A4. Supply-Chain Optimization ~ A5. Dynamic Task Solving with Group Chat A6. Conversational Chess

For more examples: https://autogen-ai.github.io/autogen/docs/notebooks
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Model Context Protocol (MCP)

~—/

( Database

[ Filesystem

Calculator

( Model

_

|

LINKOPING https://huggingface.co/learn/mcp-course/uniti/key-concepts
Ilo“ UNIVERSITY ps://hugging / /mcep / /key D


https://huggingface.co/learn/mcp-course/unit1/key-concepts
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Model Context Protocol (MCP)

rl—
[ Model 1 Database J
L .
4 N
Filesystem
- J
Model 3 4 Calculator

LINKOPING https://huggingface.co/learn/mcp-course/uniti/key-concepts
Ilo“ UNIVERSITY ps://hugging / /mcep / /key D
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Model Context Protocol (MCP)

Unified APIs - - -

( ) [

Database J

1% [
[ Model 2 } --- MCP Filesystem J

S— [ Caleulator ]
\_ J

LINKOPING https://huggingface.co/learn/mcp-course/uniti/key-concepts
Ilo“ UNIVERSITY ps://hugging / /mcep / /key D
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Model Context Protocol (MCP)

Interpreter

(RT3 ,.Tool----E Code

LLM +---! MCP ---E--Resou*‘ce"%_Documentation

! \
\

\ [
‘< Prompt --- Code Style

\ / g Prompt

, J
T 1 ," ~ Software }
l

LINKOPING https://huggingface.co/learn/mcp-course/uniti/key-concepts
Ilo“ UNIVERSITY ps://hugging / /mcep / /key D
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Google Al Co-Scientist

Scientist

The scientist interacts
with the system by
specifying a research

goal in natural language.

They can also suggest
their own ideas and
proposals, provide
feedback and reviews,
and interact via a chat
interface to guide the
co-scientist system.

k»

Discuss via
chat interface

Scientist inputs

Research goal

Scientist describes a
research goal along with
preferences, experiment

constraints, and other
attributes.

Add idea
Review idea
Discuss research

Research proposals and
overview

Top-ranked research
hypotheses and proposals
are summarized into a
research overview and
shared with the scientist.

The Al co-scientist system design

The Al co-scientist multi-agent system

Research plan
configuration

Ranking Agent G

tournaments

Research hypotheses
comparison and ranking
with scientific debate in
tournaments. Limitations

and top win-loss patterns
are summarized and
provided as feedback to

other agents. This enables
iterative improvement in

quality of research
hypothesis generation
creating a

self-improving loop. C

Generation Agent

Literature exploration
Simulated scientific debate

Reflection Agent

Full review with web search
Simulation review
Tournament review

Deep verification

Evolution Agent

Inspiration from other ideas

Simplification
Research extension

Proximity Check Agent

Meta-review Agent

Research overview formulation

2025-11-13

AI

Al co-scientist

The Al co-scientist
continuously generates,
reviews, debates, and
improves research
hypotheses and
proposals toward the
research goal provided
by the scientist.

Tool Use

Search
Additional tools

— M

37

https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/

LINKOPING
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